Abstract-In this work, we present a novel method to estimate joint angles and distance traveled by a human while walking. We model the human leg as a two-link revolute robot. Inertial measurement sensors placed on the thigh and shin provide the required measurement inputs. The model and inputs are then used to estimate the desired state parameters associated with forward motion using an extended Kalman filter (EKF). Experimental results with subjects walking in a straight line show that distance walked can be measured with accuracy comparable to a state of the art motion tracking systems. The EKF had an average RMSE of 7 cm over the trials with an average accuracy of greater than 97% for linear displacement.
I. INTRODUCTION
Gait analysis has the potential to provide diagnostic information about the functioning of the musculoskeletal, vestibular, and central and peripheral nervous system. It can detect functional degradation in these systems associated with age, disease, obesity, and trauma. The analysis and monitoring of walking patterns and gait offer many useful applications in geriatrics [1] , fall risk assessment [2] , disease monitoring [3] , [4] , sports training [5] , and rehabilitation [6] . Recently, indoor pedestrian localization has received increased attention, with applications in navigation and assisting first responders and security personnel [7] - [10] . These projects seek to estimate a person's position and/or displacement over time in GPS denied environments. We present a novel approach that can simultaneously address both of these problems by leveraging the kinematics of the human leg.
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T. Bennett, R. Jafari and N. [15] to estimate walking distance. Lan and Shih use a waist-mounted IMU and detect the oscillations that a human undergoes while walking and use this to estimate stride length [10] . Alvarez et al. use a similar method of stride length estimation from a waist-worn IMU and add orientation from gyroscopes [9] . Bebek et al. implement a shoe-worn IMU with sensors to detect when the foot is on the ground to reduce estimation error [16] .
Our previous work developed a linear Kalman filter to estimate gait parameters and distance traveled [17] . In this work, we propose an extended Kalman filter (EKF) model that utilizes a robotic kinematic model and knowledge of human motion to estimate displacement based on gyroscope measurements. While several previous researchers have used Kalman filters to estimate displacement, they seem to be based on Inertial Navigation Systems (INS), in which gyroscopes and accelerometers are integrated to give velocity and displacement. To our knowledge, this is the first time kinematics of the leg have been used to design an extended Kalman filter.
Our EKF model exploits the similarities between the kinematics of a two-link robot arm and the kinematics of the human leg. We place gyroscopes on the thigh and the shin. A forward kinematic model uses the measurements to obtain joint angle displacement over time. The geometry of our work is similar to one of the configurations in [11] where a two segment model is considered using gyroscopes for turning and gait phase analysis. Our work uses the gyroscope measurements to inform an EKF model based on robot kinematics. We use this to estimate the linear distance traveled by a subject walking. The displacement estimates of the EKF correspond to the foot with respect to the hip, and the joint angles and angular velocities correspond to the hip and knee. To get the forward displacement, we estimate position based on cumulative displacement of the foot. This research is an important initial investigation as it could be extended towards accurate human positioning with wearable sensors. Compared to our previous development in [17] , the nonlinear model allowed by the EKF has lead to increased accuracy. For foot displacement over an average walking distance of 3.55 meters, the new EKF has an average error of 6.89 cm versus 19.8 cm in the prior design, using the same input data.
The paper is arranged as follows. Section II discusses theory behind the kinematics considered and how it relates to human gait. Section III describes the basics of the EKF and the state space model for our discussion. Section IV gives the details on the experimental set up and Section V gives an analysis of the results obtained.
II. KINEMATICS OF THE HUMAN LEG
In order to design an effective EKF, we need a model of the human leg. A kinematic model helps us to relate the angles and positions of individual limbs and the actual forward displacement of the body. The primary joints in the human leg used for locomotion (as opposed to balance) while walking are the hip and the knee. During straight line walking, hip and knee flexion and extension occur while keeping both the shin and thigh in a single plane which is approximately parallel to the direction of motion.
A. Forward Kinematics
To establish the forward kinematics, we model the human leg as a two-link revolute robot. In taking a single step forward, the human leg is similar to a two-link robot manipulator with the hip and knee as two joints. We assign three-dimensional Cartesian reference frames to each joint, as seen in Fig. 1 . Frames F 0 , F 1 and F 2 are assigned to the hip, knee and foot, respectively. Frame F 0 is oriented such that the x-axis is in the direction of motion, the y-axis is up, and the z-axis is out from the hip to the right. The subsequent frames are chosen as per Denavit-Hartenberg (D-H) convention [18] . Homogeneous transformation matrices are used to map the coordinates of a point in one frame into another frame. The homogeneous transformation matrices between the frames are given by
where (1) maps F 0 to F 1 while (2) maps F 1 to F 2 . The scalars a 1 and a 2 are the limb lengths of the human under consideration. Length a 1 corresponds to the length between the hip and the knee while a 2 corresponds to teh length between the knee and the heel of the foot. θ 1 and θ 2 are the relative joint angles as seen in Fig.  1 . The transformation between F 0 and F 2 is obtained by multiplying the transformations above and is seen in (3). The first and second rows of the fourth column in (3) represent the equations for the x and y displacement of the foot relative to the hip frame.
III. EXTENDED KALMAN FILTER MODEL
In this section, we present the state space model and EKF model considered in our system. The state vector is
where x and y correspond to the horizontal and vertical position of the heel of the foot (i.e. the origin of F 2 ) relative to the origin of the hip frame F 0 . θ 1 is the angle of the thigh relative to the hip frame and ω 1 is the
corresponding angular velocity. θ 2 and ω 2 are the angle and corresponding angular velocity between the shin and the thigh. β 1 and β 2 are the biases from thigh gyroscope and shin gyroscope respectively and are assumed to be constant or very slowly time varying. From (3), the derivative of (4) iṡ 
The sensors are gyroscopes on the thigh and shin and measure the angular velocities of the two links. The measurement vector is given by
T where s 1 reflects the fact that the thigh angular velocity measurement includes the thigh rotation and the gyro 1 bias. Similarly, the shin angular velocity measurement, s 2 , is a combination of shin rotation, thigh rotation, and the bias of gyro 2, as the shin is connected to the thigh. The state equations are continuous, but we implement a discrete time EKF. Furthermore, trigonometric terms require linearization of the state equations at each iteration. Following the procedure in [19] , we approximate the discrete time matrix as
where T S is the length of each step. This leads to a discrete time state space system as in [20] x k+1 = Φ k x k + w k (8)
where k ∈ N is the discrete time index, x k ∈ R 8 is the state vector at the time instant k, y k ∈ R 2 is the measurement vector. H ∈ R 2×8 is the matrix that relates the states to the measurements and is given by The terms w k and v k are white, zero-mean Gaussian noise processes with covariance matrices Q ∈ R 8×8 and R ∈ R 2×2 , given by 
The process noise matrix Q is constant with a blockdiagonal structure. We model the process noise on the x, y, and β i variables as independent, and the blocks for the θ i , ω i , i ∈ 1, 2 terms reflect a random walk process. The σ xy , σ θ ,and σ β terms in Q are determined by tuning for best performance. The elements of R are constant and determined by taking the sample standard deviation of the measurement data during an initialization stage when the subject is not in motion. The EKF assumes that the state at the current time index evolves from the state from previous time index in a Markov process. The expected value of the state is derived from (8) , providing the prediction stage of the EKF. It should also be noted that the state transition matrix must be updated at each time index. The equations corresponding to the prediction stage are given as
Position of the shin sensor along x-axis of the hip frame y Position of the shin sensor along y-axis of the hip frame θ 1 Aangle between the x-axes of thigh frame and the hip frame ω 1 Angular velocity of the thigh sensor θ 2 Angle between the x-axes of shin frame and the thigh frame ω 2 Angular velocity of the shin sensor β 1 Gyroscope bias for gyroscope 1 β 2
Gyroscope bias for gyroscope 2 where P k is the estimate of the error covariance matrix at time k. After the prediction, the estimates are updated using the measurement. The equations involved in the update stage are
where K k is called the Kalman gain. Note that K k weights the effects of the measurements as a function of the sensor noise and estimation error covariance matrices.
IV. IMPLEMENTATION

A. Sensors and Signal Processing
The sensors are Telos motes with custom-designed sensor boards [21] . Each sensor consists of a 3-axis accelerometer (LIS3LV02DQ) and an integrated dualaxis gyroscope (IDG-300). The gyros have a a full scale range of ±500 • /sec and a sensitivity of 2mV / • /sec. The sensors collect the data and transfer it wirelessly to a base station PC at 50Hz. Matlab is used to read and analyze the data. A median filter, over a window of 5 samples, is applied on the data to account for packet losses. While both the gyro and accelerometer data were collected, only the gyro data is used for this work.
B. Experimental Setup
For the experiment, two sensors are placed on the right leg of the subject. Sensor 1 is placed on the thigh and sensor 2 was placed on the shin . The sensors are placed on the front of the leg and aligned vertically as shown in Figure 2 , and they are oriented to collect the angular velocities of the upper and lower leg. A third sensor was placed on the hip. Reflective markers were placed on the sensors to allow motion tracking using a Vicon system.
V. ANALYSIS AND RESULTS
Each trial begins and ends with the subject standing with feet parallel. This leads to initial state estimates , where µ 1 and µ 2 are the average values of the thigh and shin gyroscopes respectively collected during initialization when the subject is not moving. The subjects walked between 3 and 4 meters with an average distance of 3.55 meters. Angular velocities are collected from the two sensors as the subjects walk in a straight line. As described in Section III, the measurement vector consists of angular velocities from the two gyroscopes.
In these trials, the hip and foot start and end aligned vertically. Therefore, we can assume the displacement of the hip is equivalent to that of the foot at the end of each trial. In the 2-link kinematic model, the origin frame, F 0 , is assumed stationary. For the human leg, this would mean the hip does not move when the person walks. Additionally, the 2-link model only factors in distance to the heel of the foot. The distance gained by the ball of the foot pushing off, and the rear knee bending is not included in the current model. We acknowledge these errors in our model, which are a sacrifice for simplicity of the model.
To assess the performance of the system, the subject's motion was also captured using an 8-camera Vicon The results using the proposed EKF and sensors are shown for one of the experiments and compared against the data collected from the Vicon system. Vicon systems are accurate within 1 millimeter and are considered one of the most accurate motion measurement systems. Figure 3 shows the estimate of the EKF vs the Vicon data for θ 1 , the angle between the hip and thigh. The EKF estimate tracks well during forward motion of the leg (i.e. increasing angle) and the back swing phase of motion. Fig. 4 shows the the EKF estimate vs. the Vicon data for θ 2 , the angle between the thigh and the shin. This angle has some ringing which occurs around 0 degrees and doesn't track as well on the positive angles when compared to the Vicon data. The estimate also overshoots slightly at the negative extrema. This may be due to the foot pushing off of the ground at this time and the body moving forward. These motions won't necessarily change the angle of the leg, but can add additional angular velocity to the sensors. Even with the differences discussed, the angles track well in time and magnitude in relation to the Vicon Data. Figures 5  and 6 show the estimates of the horizontal and vertical displacement of the foot relative to the hip.
To determine the distance covered during the walk, we accumulate all positive displacement in the x-axis of the foot frame. To estimate the additional distance from the foot and other model limitations, the vertical displacement estimate in the y-axis is accumulated and added to the x-axis displacement. Figure 7 compares the displacement estimate of the EKF and the Vicon displacement measurement. The results of the proposed sensors and EKF are very similar to the Vicon data. Our displacement estimate has longer plateaus due to our method of accumulation. The Vicon data is smoother because it is measuring the location of the sensor on the shin, which is stationary for less time than the foot when walking. Considering these differences, the average RMSE over the entire distance walked for all trials averaged 7.00 cm. The EKF distance estimate was, on average, within 3% of the Vicon measurement for linear displacement over all trials. Table II shows the average results for the trials.
The distance estimate had an average error of 6.89 cm where the subjects covered a total distance of 3.55 m on an average. We can see that the EKF estimates are accurate for determining walking distances.
VI. CONCLUSION
In this work, we modeled the human leg as a twolink robot with an extended Kalman filter and exploited the kinematics to estimate linear distance walked. The EKF was used to estimate the displacement for a person walking in a straight line with high accuracy. We believe that this is an important initial step as we plan to extend this research for a person walking freely and over larger distances. Future efforts will seek to maintain accuracy while allowing for general walking patterns and activities beyond walking. Using accelerometer data in addition to the gyroscope data would allow for tracking of more complex movements such as running and jumping. Additionally, we can look into using IMUs on the feet and the other leg to get a more accurate model of the complete system.
